For temperature, degrees Celsius~C) can be converted to degrees Fahrenheit ("F) by using the formula OF= (l.8)(oC) + 32.
Abbreviated units used in report:& (distribution coefficient), mg/L (milligrams per liter), mL (milliliter), mL/g (milliliters per gram), mg/kg (milligrams per kilogram),~s/cm (rnicrosiemens per centimeter) at 25°C, m2/g (meters squared per gram).
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Abstract
The U.S. Geological Survey and Idaho State University, in cooperation with the U.S. Department of Energy, conducted a study to determine strontium distribution coefficients (Kds) of surfb cial sediments at the Idaho National Engineering and Environmental Laboratory (INEEL). Batch experimental techniques were used to determine experimental Kds of 20 surficial-sediment samples from the INEEL. The Kds describe the distribution of a solute between the solution and solid phase. Kds of the 20 surflcial-sedirnent samples ranged from 36 to 275 milliliters per gram. Many chemical and physical properties of both the synthesized aqueous solution and sediments used in the experiments also were determined. The following solution properties were determined: initial and equilibrium concentrations of calcium, magnesium, and strontium; pH and specific conductance; and initial concentrations of potassium and sodium. Sediment properties determined were grain-size distribution, mineralogy, whole-rock major oxide, strontium and barium concentrations, and Brunauer-Emmett-Teller surface area. Multivariate-regression techniques were used to identify which of these variables or set of variables could best predict the strontium Kd values. Partial leastsquares regression was used to fit these data to an empirical model that could be used to predict strontiUm K# Of SUflCial sediments at the NEL.
The best-fit model was obtained using a four-variable data set consisting of surface area, manganese oxide concentration, specific conductance, and pH. Application of the model to an independent split of the data resulted in an average relative error of prediction of 20 percent and a correlation coefficient of 0.921 between predicted and observed strontium Kds. Chemical and physical characteristics of the solution and sediment that could successfully predict the Kd values were identified. Prediction variable selection was limited to variables which are either easily determined or have available tabulated characteristics. The selection criterion could circumvent the need for time-and labor-intensive laboratory experiments and provide an alternate faster method for estimating strontium
INTRODUCTION
The fate and transport of waste constituents in an aquifer are dependent on chemical and physical processes that govern the distribution of these constituents between the solid, geologic, stationary phase and an aqueous, mobile phase. This distribution often is quantified by an empirically determined parameter called the distribution coefficient (&) . Kds can be used to summarize the net chemical factors that affect transport efficiency of ground-water constituents. Many transport models for radionuclides use IQ to predict the extent to which the migration of the constituent will be lessened relative to the mean ground-water velocity (Bohn, 1985 , Sposito, 1989 , Fetter, 1993 .
The U.S. Geological Survey (USGS) and Idaho State University, in cooperation with the U.S. Department of Energy (DOE), are conducting studies to determine geochemical properties affecting strontium (Sr) transport in surficial sediment at the Idaho National Engineering and Envi-ronmental Laboratory (INEEL), Idaho. Specifically, these studies focus on chemical constituents in wastewater discharged through the unsaturated zone and into the Snake River Plain aquifer at the INEEL. Study objectives include assessing the variability of Sr Kds of surficial sediments at the INEEL and identifying chemical and physical properties of the solution and sediments that can account for the variability. Understanding how different chemical and physical properties of sediment and ground water affect Sr sorption will allow better prediction of the rate of Sr transport, which will, in turn, aid in the prediction of the behavior of the strontium-90 (gOSr)that has been disposed of at the INEEL.
This report presents the results of a study to predict the variability of Sr Kds of 20 surficialsediment samples collected from selected sites at the INEEL in terms of selected chemical and physical properties of the solution and sediments. The surficial sediments were examined because pond wastewater containing 'Sr interacts with the sediment before infiltrating to the aquifer. Strontium K@ of the 20 surficial-sediment samples were determined using a synthesized aqueous solution and batch experimental techniques. Solution properties determined were initial and equilibrium concentrations of calcium, magnesium, and strontium; pH and specific conductance; and initial concentrations of potassium and sodium. Sediment properties determined were grain-size distribution, bulk mineralogy, whole-rock major oxide, strontium and barium concentrations, and BrunauerEmmett-Teller (BET) surface area. Using these chemical and physical properties, variable selection, based on multivariate regression techniques, was used to identify those properties that best predict the experimentally determined K~s. Additionally, variable selection was. used to eliminate variables that would be difficult to obtain, either from field measurements m from standard archived information.
Background
The INEEL comprises 2,300 km2 of the eastern Snake River Plain in southeastern Idaho ( fig.1) . The INEEL was established in 1949 by the U.S. Atomic Energy Commission (now known as DOE) for the development of peacetime atomic-energy applications such as nuclear-safety research, defense programs, and advanced energy concepts. More than 50 nuclear reactors have been operated at the INEEL since its inception. Facilities at the INEEL also are used to store nuclear waste, such as spent fuel rods from the U.S. Navy's nuclear fleet and other DOE sites, and wastes generated on site.
Aqueous chemical and radiochemical wastes, including 'Sr, have been discharged to wastedisposal ponds and disposal wells at the INEEL since 1952. Since 1983, most of the wastewater has been discharged to unlined infiltration ponds. Some chemical constituents from wastewater may enter the aquifer indirectly following percolation from the waste-disposal ponds through sediments in the unsaturated zone (Pittman and others, 1988) . Disposal of radioactive wastewater to the Test Reactor Area (TRA) radioactive-waste ponds ceased in August 1993 and the ponds were remediated (Eddie Chew, U.S. Department of Energy, written commun., 1995) . Radioactive wastewater at the TRA now is discharged to two lined evaporation ponds. Disposal of radioactive wastewater to the Idaho Nuclear Technology and Engineering Center (INTEC) (formerly the Idaho Chemical Processing Plant) disposal well was discontinued in 1984, and wastewater has been discharged to two unlined infiltration ponds since 1984.
Strontium-90 is a radionuclide produced by the fission of uranium, has a half-life of 28.8 years, and decays through beta emission (Eisenbud, 1973, p. 83-97) . The global deposition of 'OSr is well documented (Eisenbud, 1973, p. 320-33 1) . This radionuclide is present in ground water and was introduced to the environment from fallout of nuclear explosions and as a result of the wastedisposal practices used in the nuclear industry. Because of its tendency to concentrate uniformly throughout mineral bone tissues, 'OSr is a health hazard. The maximum contaminant level for drinking water is about 0.3 Bq/L (U.S. Environmental Protection Agency, 1997, p. 296 (Robertson and others, 1974, p. 119) .0.9 TBq of %r discharged to a disposal well and infiltration ponds at the INTEC ( fig. 2) (Bartholomay, 1998, p. 24) . Disposal of 90Sr has resulted in a 10 km2 plume within the eastern Snake River Plain aquifer beneath the INTEC (I%rtholomay and others, 1997, p. 33) where concentrations are larger than 0.3 Bq/L. Concentrations of 'Sr in water from wells completed in the Snake River Plain aquifer were as large as 2.8~0.l Bq/L in 1995 (Bartholomay and others, 1997, p. 30) . Strontium-90 has not been detected within the eastern Snake River Plain aquifer beneath the TRA. This can, in part, be explained by the exclusive use of waste-disposal ponds rather than the disposal well at this facility for radioactive-wastewater disposal. Sorption processes in the unsaturated and perched water zones beneath the wastedisposal ponds likely have lessened 90Sr migration at the TRA. In addition, stratigraphy beneath the TRA is different from that beneath the INTEC (Anderson, 1991, p. 22-28) .
Geohydrologic Setting
The eastern Snake River Plain is a northeasttrending structural basin about 320 km long and 80 to 110 km wide. The plain is underlain by a layered sequence of basaltic rocks and cinder beds intercalated with alluvial and Iakebed deposits. Individual layers of basalt range from 3 to 15 m in thickness, although the average thickness may be from 6 to 8 m (Mundorf and others, 1964, p. 143) . The sedimentary deposits consist mainly of Ienticular beds of sand, sil~and clay, and lesser amounts of gravel. Locally, rhyolitic rocks and tuffs are exposed at the land surface or occur at depth. The basaltic rocks and intercalated sedimentary deposits combine to form the framework for the Snake River Plain aquifer system, which is the main source of ground water on the plain. The depth to water in the aquifer system ranges from about 60 m below land surface in the northern part of the INEEL to more than 275 m in the southern part (Bartholomay and others, 1997, p. 20) . The general direction of ground-water flow at these sites is from the northeast to the southwest. The INEEL obtains its entire water supply from the Snake River Plain aquifer.
Previous Investigations
Strontium I@ of sediment collected from the INEEL have been reported by Hawkins and Short (1965) ; Schmalz (1972) ; Del Debbio and Thomas (1989); Newman and others (1996) ; Bunde and others (1997) ; Hemming and others (1997) ; Liszewski and others (1997); Bunde and others (1998) ; Liszewski, Bunde, and others (1998); and Liszewski, Rosentreter, and others (1998) . Strontium K~s of sediment from other nuclear facilities in the United States and Canada have been reported by Patterson and Spoel(198 1) , Jackson and Inch (1983) , and Kipp and others (1986) . Many researchers have studied Sr K~s and the factors that affect them. Some researchers have indicated that cation exchange with calcium and magnesium ions has a large effect on Sr Kds (Qingzhong and Guangyu, 1989; Park and others, 1992; and Bunde and others, 1997) . Other researchers, such as Inch and Killey (1 987) and Tadao and Tadatoshi (1 988), have found that Sr Kds are strongly correlated with sedimentary surface area. Furthermore, researchers have indicated that pH (Kenna, 1980; Sibley and others, 1982; and Qingzhong and Guangyu, 1989) , clay content (Tadao and Tadatoshi, 1988) , and salt concentrations (Rafferty and others, 198 1) all have an effect on Sr Kds.
Two different approaches have been used in previous efforts to predict sorptive behavior of 90Sr. In one approach, surface-site models based on simple and complex chemical binding theory were used to predict the behavior of many different binding sites on the geologic material (Robertson and Leckie, 1991; Schnoor, 1996) . In the second approach, bulk-characteristic correlations of either the solid or aqueous phase, or both, were used to predict the sorptive characteristics of a system (Robertson and Lechie, 1991; Rosentreter and others, 1997) . Although both approaches have merit and applications, the latter approach is examined in this report.
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EXPERIMENTAL METHODS

Theory
This report investigates which variables from the INEEL surficial-sediment data set are good predictors for Sr & by use of a multivariate-regression method (Johnson and Wichem, 1988; Beebe and others, 1998) . Numerous multivariate approaches exist: including least-squares, pfincipal-component regression, partial least-squares (PLS) and others. The method used in this study was PLS. Regardless of the method, the data are arrayed for a linear model as with T symbolizing transpose.
Variable selection is a relatively common problem in studying complex environmental and geochemical processes. Because the mechanisms influencing & Kds are not well understood, a relatively large number of variables were selected so that a subset of variables that were good predictors for Sr K~could be identified. Using a small set of variables has two important advantages: (1) reducing costs of study, and (2) minimizing the undesired effects of collinearity in multivariate regression. Multivariate-regression modeling methods can produce poor predictions because variables with a high degree of collinearity can increase prediction error. Many of the variables used in this study show a high degree of correlation. For example, the concentration of calcium at equilibrium with the aqueous phase in a batch experiment depends on the amount of calcium present in the sediment. Because the mechanisms affecting & Kds are not well understood, a relatively large number of variables were selected initially. The PLS multivanate regression method was chosen for this study because, although the set of variables was large, the PLS regression model can selectively discard unimportant data when generating the regression vector.
Multivariate-regression methods and the collinearity problem are further discussed in Kalivas and Lang (1994) . Regression models are useful in relating a specific property to other measurements, but the limits of the data must be known. Construction of a multivariate-regression model with variable selection involves finding measurements or combinations of measurements that correlate well with the desired predictive property; therefore, multivariate regression produces a statistically determined model that does not always imply a cause-and-effect relation between the measurements and predictive property.
Collection, Description, and Preparation of Sediment
Sample collection, preparation, and K~determi-nation are described in Liszewski and others (1997) , Surficial-sediment samples for this study were collected from 20 selected sites at the INEEL ( fig. 3) . Most of the sites were near the Radioactive Waste Management Complex, INTEC, TRA, and the Test Area North facilities, where waste is known to have been discharged to the subsurface. Additional samples were collected at sites remote from these facilities to expand the areal extent and range of sediment characteristics included in the study. Sample sites were located near monitoring wells or study areas at the INEEL.
samples were collected with a hand auger or shovel at a nominal depth of 1 m to obtain approximately 2 to 4 kg of sediment. All the samples were homogenized and passed through a 4.7-mm sieve. This material then was crushed to pass through a 2,0-mm sieve and air dried.
Prior to crushing, sediment textures were described on the basis of grain-size distribution of sediment samples (Folk, 1974, p. 28) . Textures ranged from sandy gravel to gravelly sand (table  1) . Grain-size analysis techniques described by Bartholomay (1990, p. 58) were used to determine the grain-size distribution of sediment samples (table 2) . Bulk mineralogy of the samples was determined using X-ray diffraction techniques (Reed and Bartholomay, 1994, p. 5-6) and was variable; quartz, calcite, and plagioclase feldspar generally were the most abundant minerals (table  3) . The elemental composition of sediment samples was analyzed using a Jobin Yvon JY 70C Inductively Coupled Plasma (ICP) spectrometer using ICP methodology (table 4). The surface area of each sediment sample was determined using the BET method (Brunauer and others, 1938) . BET surface-area was determined using a Micromeritics Gemini 2360 surface area analyzer (table 5). As can be seen from tables 1 through 5, a wide range of sedimentary properties was represented in the 20 samples.
Methodology and Determination of Partition and Solution Variables
The sorption studies were carried out using batch experimental techniques. Batch experimental techniques were used because they are relatively simple and inexpensive, and many experiments can be done simultaneously. The dried sediments were homogenized by mechanical mixing and split into nominal 1-g subsamples. The nominal l-g subsamples were equilibrated with 20.0 rnL of a synthesized aqueous solution at 30°C in a constanttemperature shaker (Fisher Scientiilc Versa-Bath S Model 236) at a setting of 70 cycles per minute for 144 hours. The l-to-20 mass-to-volume ratio, time of equilibration, and agitation rate were selected to be consistent with those in previous investigations performed by Del Debbio and Thomas (1989), Bunde and others (1997) , Hemming and others (1997) , Liszewski and others (1997) , Bunde and others (1998) , Liszewski, Bunde, and others (1998) , and Liszewski, Rosentreter and others (1998). The time of equilibration was demonstrated to be sut%cient in previous work by Bunde and others (1998) . The synthesized aqueous solution chemically represented the wastewater in the INTEC infiltration ponds. The solution contained specific initial concentrations of dissolved carbonate alkalinity, calcium, magnesium, potassium, silica, sodium, and strontium (table 6). The initial pH of the solution was 8. O&l.l. The use of a synthesized aqueous solution allowed for the control of experimental variables, addressed potential saturation problems and chemical-phase modi: fications, and provided a constant supply of solution (Liszewski, Bunde, and others, 1998) .
The aqueous phase was separated from the solid phase at the end of the experiment by centigation for 10 minutes at 3,500 revolutions per minute. The supematant samples were presemed by adding several drops of trace-metal-grade concentrated nitric acid. The initial and sediment-equilibrated solutions were analyzed for alkalinity, cation ".
River" / Mud Lake ;"-" concentrations, pH, and specific conductance. Cation concentrations were determined on a Thermo Jarrell Ash Smith-Hieftje 1,000-flame atomic-absorption spectrometer using standard methods for metals in water (Greenberg and others, 1992) , pH was measured with an Orion Research model 231 pH meter, specific conductivity was measured using a Fischer Scientific conductivity meter, and alkalinity was determined using a Hach digital titrator. Results of these analyses and measurements were tabulated by Liszewski and others (1997) .
Experiments were grouped into sets of 12 replicate subsamples of sediment mixed with synthesized aqueous solution in centrifuge tubes-three replicate sediment subsamples at each of the four strontium concentrations. Additionally, an experimental blank and four control samples were included in each experimental set. The blank consisted of a centrifuge tube containing only deionized water, and control samples consisted of centrifuge tubes containing only synthesized aqueous solution, one at each of the four strontium concentrations. Blanks and controls provided experimental evidence that the constituents in these experiments did not adsorb onto or desorb from the reaction-vessel walls or experimental apparatus. The amount of strontium sorbed to the sediment was calculated from the difference between the initial and equilibrium-solution concentrations multiplied by the volume-to-mass ratio. Sorption isotherms and Kds then were derived using the linear isotherm model (Fetter, 1993) .
Sorption isotherms for each surficial-sediment sample were determined from strontium-distribution data at four initial-solution concentrations of strontium (table 6). Strontium linear sorption isotherms and Kds were derived from the leastsquares regression of equilibrium concentrations of strontium sorbed to the sediment as a function of dissolved strontium in solution (Fetter, 1993) . Concentrations of dissolved strontium were measured directIy by atomic-absorption spectroscopy. Concentrations of sorbed strontium were calculated as the difference between the initial and equilibrium concentrations of dissolved strontium multiplied by the volume-to-mass ratio. Initial concentrations were determined on the basis of the 9 concentration in control samples measured at the conclusion of the experiment. Control samples consisted of reaction vessels containing synthesized aqueous solution with no sediment. It was assumed that any changes that occurred during the experiments in the solution concentrations of the control samples also occurred in the samples. To best represent field conditions in the unsaturated and perched ground-water zones, the sediment was not pretreated with the simulated-wastewater solution before experimentation.
In addition to the solution variables just described, variables describing the sorbed cations also were determined. As detailed previously, the amount of cation lost from solution to the sediment was calculated as the change in ion concentration. The concentration change then was converted to an elemental mass change on the basis of the total volume of solution used in the experiment corrected by the unit mass of sediment found in that particular experiment. Lastly, a corrected sorbed-strontium concentration was defined. In the experiments with no strontium in the synthetic aqueous solution, strontium was found to desorb from the sediment which produced negative sorption values. Because the K~is derived from the slope of the isotherm, this anomaIy did not affect the overall K~value. Yet, the point I& values, those specific & values calculated for each individual sediment replicate, were affected by this sign change. To avoid this sign change, all sorbedstrontium concentrations were corrected by adding the average mass of resorption for that sediment type to the sorbed-strontium value. As a result, the lowest point & values were adjusted upwards to a value of zero and all other sorbed-strontium concentration were corrected with a similar addition. This process therefore defined and differentiated the sorbed strontium from the sorbed and corrected concentration.
DERIVATION OF THE STRONTIUM DISTRIBUTION COEFFICIENT USING THE LINEAR ISOTHERM MODEL
The distribution coefficient is defined as (Kipp and others, 1986) J&= [Ws i [W.q, Equilibrium sorption of solutes on sedimentary material commonly is described by the linear isotherm model, in which the Kd is equal to the slope of a least-squares fit between sorbed-and aqueous-strontium concentrations at equilibrium (Fetter, 1993) . Plots of isotherms for the sediments used in the study indicated that the sediments conformed to the linear isotherm mode. Therefore, the slopes of the linear sorption isotherms were used as the K~s in this study.
Experimental values of [Sr]
, were determined through assayed concentrations of aqueous strontium and ratios of solution to sediment: 
RESULTS AND DISCUSSION
Strontium Kds of the 20 surilcial-sediment samples ranged from 36*1 to 275+3 mL/g (table  1) . Larger~values indicate increased strontium sorption by the sediment, which leads to decreased strontium transport.
Variable Selection
The prediction error of the initially selected variables was evaluated using several criteria. A criteria that can be used for calculating prediction errors is the standard error of calibration (SEC):
where Kd is the observed and K~is the predicted value for the distribution coefficient and m is the number of samples. For information on SEC, see Beebe and others (1998) .
Other criteria used for evaluating prediction error were relative error of prediction (REP) and the correlation (R) between observed and predicted Kd values for a given variable subset, defined as m(Kd -id)' z Kd REP=i=l , and (7) m ,.
R=
COV(Kd, Kd) ) (8) @rear
where var is the vari~nce and cov is the covariance between the K~and Kd. See Johnson and Wichem (1988) for additional information on R.
Variable subsets were generated using forward selection (FS). This process was begun by computing prediction error for each variable, one at a time, so that the variable that generated the lowest prediction error was chosen. A two-variable subset subsequently was chosen on the basis of the lowest prediction error. The process continued until the prediction error was not significantly reduced or until all variables were sorted. A limitation of FS is that once a variable is chosen, it becomes part of all subsequent models. However, FS is computationally efficient, because it limits the number of possible models to be analyzed.
Data Pretreatment
For PLS, data is often pre-treated. Both independent and dependent variables in the data set were mean centered and variance scaled. Computations were performed with MATLAB 4.2C with the chemometrics TOOLBOX utilities (The MathWorks, Natick, Mass.) on an IBM-compatible, 166-MHz, personal computer operating under Windows 95.
Mean-centered variable values are given by X*ij = Xij-ij.
(9)
Where Xv is the value in row i, columnj of X, and Z. is the mean of column j. See Beebe and others ({998) for more information on mean centering. Variance scaling often is used when units for variables in the data set are differen~for example, bulk mineralogy (weight percent), chemical concentration (milligrams per liter) and surface area (meters squared per gram). Because PLS attempts to capture variation, variables with numerically larger scales will become more important, even though the information contained in those variables is not inherently greater. Variance scaling is used to place all variables on an equal numerical basis. This is accomplished by normalizing the variables with respect to their variance. The variance scaled variable x**ij is calculated by~*
VtZr (Xj) (lo)
Experimental Data Set
Results from the analyses of the 20 surficialsediment samples were used in the variable selection study. Fifty-four variables were determined for each of the sediment samples (table 7) . In addition, & Kd values were determined for four different concentrations of Sr in the aqueous phase used in the batch absorption experiment. Ultimately, the data generated from these experiments consists of 20 different sediments analyzed at four different & concentrations for 80 Kd experiments, which were performed in triplicate, for a total of 240 Kd vahIes.
The ability of each variable to predict Sr Kds for every sediment sample was evaluated using a PLS regression model. All initially selected variables were used during forward selection. Variable subsets of as many as 10 variables were generated using FS as previously described. Variable subsets of 1 to 10 variables were generated using FS. One-, two-, and three-variable subsets generated using FS and one-, two-, and three-variable subsets determined on the basis of all possible combinations were compared. Larger variable-subset determinations based on all possible combinations were impractical because of computational time. Variable subsets (one to three variables) generated by both processes were identical; therefore, it appears that FS identified the best variables. Table 8 presents the variable subsets generated, together with the number of PLS factors used in generating the predictions that produced the least prediction error from the SEC, REP, and R criteria. A PLS factor represents a vector from the PLS algorithm that contains linear combinations of the variables such that important data variation related to the prediction property is captured (Kalivas, 1999) . If too many factors are used, the model begins to overfit the data. When not enough factors are used, the model underfits the data and accurate predictions cannot be made. Inspection of the variable subsets identified using SEC and R are identical. That is, as the SEC values decrease, R values increase. This agreement is the result of both criteria capturing the same information.
In contrast, different variable subsets were generated when REP was used. The purpose for using REP as an optimization criteria was to identify variable subsets that improved relative error rather than absolute error. Variables identified as best predictors for sediments that had smaller Sr Kds were expected to be favorably considered, because these subsets would reduce the REP more than sediments that had larger Kds. Table 8 reveals a significant continuous improvement in prediction of Sr IQ up to the largest (ten variable) subset for SEC. This ten-variable subset regression model produced a correlation of 0.961 and a REP of 11.9 percent. These results suggest that prediction capabilities could be improved by using larger variable subsets, provided PLS is used. That is, by using the ten variables selected by REP and five PLS factors, good results were obtained compared with four-orfive variable models selected by REP. Note that in the smaller variable REP model, two and three PLS factors were needed, which implies that when only a few variables are being used, least squares, rather than PLS, could be satisfactory. Similar observations can be made with respect to SEC and R models.
As discussed in the Theory section, the first variable identified in the FS method is crucial in 11 ., .-
,.
-----,----, determining the other variables chosen. The first variable selected using REP was sd3. This variable represents a weight fraction of the sediment grainsize distribution. Use of grain-size distribution variables in a regression model has disadvantages. First, reproducibility of this experimental method is relatively low, because of uncertainties involved in the procedure. Second, these variables are likely to be a function of several other variables included in the study, such as mineral composition and surface area. This may produce collinearity in the variable subset and consequently, cause an increase in prediction errors for the regression model. For these reasons, a second variable selection was performed with grain-size distribution variables eliminated from consideration. Table 9 displays variable selection results generated when grain-size distribution variables are removed from the independent variable list. As expected, the first nine variables chosen with SEC and R were identical. The tenth variable selected by SEC and R includes Sr, although SEC selects Sr(c)~d R selects Sr(~). This difference probably is due to roundoff error by the formulas used in the calculation of the optimization criteria. In any case, it is likely insignificant because the tenth variable has little overall effect on the model. Elimination of grain-size distribution variables generates a difference, with respect to consideration of all variables. For SEC and R this difference occurs with the selection of the fifth variable. Results in table 9 show a small decrease in predictive performance for variable subsets containing six to eight variables with SEC and R selection. Variable subsets with nine and ten variables show better prediction capabilities when grain-size distribution variables are eliminated.
Examination of the variable selection with the REP criterion in table 9 reveals that 6 out of the 10 variables were the same as those selected with the other criteria. Moreover, the first five variables (S. A., MnO, I.LS(e~), pH(eq), and Mg(,-)) chosen by each optimization criterion are the same, except that the variables were chosen in a different order with REP. A comparison of REP variable subsets that includes grain-size distribution variables (table 8) indicates slightly lower prediction errors for subsets with three or fewer variables. When grain-size distribution variables were eliminated, prediction errors with variable subsets of six were slightly lower. Essentially, predictions are approximately the same in tables 8 and 9; however, removal of grain-size distribution variables enhanced agreement among selected variables for the three criteria.
Predictive Equation
A predictive equation for the Sr IQ of the surficial-sediment samples used in this study was developed using the PLS regression model. The chemical and physical variables used in the model are given in table 7. The following equation was obtained from the calibration model within minimized REP using all the sediment samples and no grain-size distribution factor, and is based on a four-variable subset with two PLS factors. After four variables, the REP values did not substantially decrease. The four-variable subset resulted in an average REP of 20 percent and a correlation coefficient of 0.921 between predicted and observed Sr K~s (table 9) 
CONCLUSIONS
The simple predictive equation (11) suggests that Sr Kds can be adequately predicted using only a few easily measured solution and sediment characteristics. This is true only when the range of sample and solution types is carefully defined; however, because this range is often a function of the local environment, use of the equation would be a suitable approach for studies of localized geographic regions. . Predicted strontium distribution coefficients (Sr Kds) with respect to observed Sr Kds for the data set without grain-size distributions using two partial least-square factors with the four variables MnO, @, pH, and SA.
In the numerical investigations, the most appropriate modeling technique differed, depending on how many variables were used in the prediction equation. Data in this report indicates that when only a few variables were selected, a simple leastsquares approach was satisfactory. When a large number of variables was used in the prediction equation, PLS provided a superior model. In this study, a PLS approach with four variables provided an accurate prediction equation. Although the variables selected in this study represent the result of an empirical model, they also can aid in the identification of variables important to the development of future mechanistic models. Folk (1974, p. 28 Table 2 . Grain-size distribution of su~lcial-sediment samples from the Idaho National Engineering and Environmental Laboratory [All size intervalsare in millimeters.Grain-sizedistributiondeterminedusinggrain-sizeanalysistechniquesdescribedby Bartholomay(1990) 
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